A central challenge in the study of protein evolution is the identification of historic amino acid sequence changes responsible for creating novel functions observed in present-day proteins. To address this problem, we developed a new method to identify and rank amino acid mutations in ancestral protein sequences according to their function-shifting potential. Our approach scans the changes between two reconstructed ancestral sequences in order to find (1) sites with sequence changes that significantly deviate from our model-based probabilistic expectations, (2) sites that demonstrate extreme changes in mutual information, and (3) sites with extreme gains or losses of information content. By taking the overlaps of these statistical signals, the method accurately identifies cryptic evolutionary patterns that are often not obvious when examining only the conservation of modern-day protein sequences. We validated this method with a training set of previously-discovered function-shifting mutations in three essential protein families in animals and fungi, whose evolutionary histories were the prior subject of systematic molecular biological investigation. Our method identified the known function-shifting mutations in the training set with a very low rate of false positive discovery. Further, our approach significantly outperformed other methods that use variability in evolutionary rates to detect functional loci. The accuracy of our approach indicates it could be a useful tool for generating specific testable hypotheses regarding the acquisition of new functions across a wide range of protein families.
Introduction
Evolutionary variation in proteins underlies a great deal of organismal novelty. However, it is often challenging to identify the specific amino acid substitutions that caused protein functions to diversify in related species. A simple approach to this challenge is to directly compare homologous protein sequences, whose functions differ in contemporary species, in order to reveal their amino acid differences (Fig. 1a) . The usefulness of this "horizontal" approach is limited because many of the differences between protein sequences have no effect on their functions; in other words, a horizontal comparison does not provide a systematic means to differentiate the small number of amino acid changes responsible for shifting protein function from the relatively large number of amino acid changes that accumulate over evolutionary time without affecting function. Further, a horizontal approach is blind to directionality of change, that is, which amino acids are evolutionarily derived versus those that are ancestral. These problems can be partially resolved by using a phylogenetically-informed "vertical" approach ( Fig. 1b) , in which probabilistic models of sequence evolution are used to reconstruct ancestral protein sequences before and after the phylogenetic branch on which the functional change of interest occurred [1] [2][3] [4] . Ancestral sequences are then compared in order to reveal a set of amino acid substitutions that are phylogenetically correlated with the historic protein functional change.
A major advantage of this vertical approach is that it significantly reduces the number of candidate amino acid changes relative to the horizontal approach. Despite this advantage, however, the number of candidate changes can still be sufficiently large such that it is not feasible for a molecular experimentalist to test the individual effects of every mutation in the set, let alone all combinations of historic substitutions. This problem becomes especially acute for protein functional changes that occurred on long phylogenetic branches.
Here we significantly increase the power of vertical sequence comparisons by providing an accurate means to sort historic protein sequence mutations by a set of statistical signals that, when combined, accurately discriminates known function-shifting sequence substitutions from other mutations. We describe a new method to quantify the extent to which amino acid changes between ancestors are likely to have affected protein function. We validated the accuracy of this method by using it to identify known function-shifting mutations in a training set consisting of four well-studied episodes of historic functional evolution. We show that this method accurately identified all the known functional mutations in the training set, while maintaining a low rate of false positive identification. Overall, our results strongly suggest that this method is useful for identifying the genetic basis of functional evolution in many diverse protein families.
Results

A Metric To Rank Ancestral Substitutions
We developed a new metric, called ∆f, to rank the mutations between any two reconstructed ancestral protein sequences, according to a composite of three statistical signatures that correlate with functional change. The metric operates on two reconstructed ancestral sequences, represented as two sequences of amino acid probability distributions (Fig.   1c ). The two ancestors are separated by a phylogenetic branch on which their protein function putatively changed. The ∆f metric scores the differences between the probability distributions at all homologous sequence sites in the two ancestors; sites are then ranked according to their ∆f score (see Methods). The ∆f scores are calculated as a composite of three signals: Kullback- Leibler divergence (k), probabilistic model violation (v), and entropic shift (d).
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Each of the three signals in ∆f measures a different aspect of functional change. The first signal, Kullback-Leibler (KL) divergence, is used in information theory to measure the information gained, in bits, between two discrete probability distributions [5] . We hypothesized that function-shifting mutations will leave a signature of higher gained information in the derived ancestor, compared to sites lacking function-shifting mutations. The second signal, probabilistic model violation, measures the extent to which the observed difference between two probability distributions deviates from our model-based expectation. Critical sites for establishing protein function are likely to experience unique biophysical constraints, and these sites may therefore exhibit mutational patterns that deviate from the patterns one would expect based on maximum likelihood phylogenetic models whose parameters have been computed from large numbers of protein families. We hypothesized that a high degree of deviation from model-based expectations could be a signature of functional evolution. The third signal, entropic shift, adjusts the sign of ∆f to be negative if the mutation at a site resulted in an amino acid identity that was not conserved in descendants. This adjustment separates degenerative mutations, which may play a role in deteriorating protein function, from those mutations whose amino acid identity remained important for protein function.
Calculating ∆f at every sequence site between two ancestors produces a distribution of ∆f scores, and interesting mutation hypotheses are located in both tails of the distribution. Sites Fig. 1c . For instance, a mutation from a non-polar residue to a polar residue (a typical function-shifting mutation) yields high values for both KL divergence and model violation, and thus receives a high overall ∆f score. In contrast, a mutation between similar distributions of aliphatic amino acids (leucine, isoleucine, and valine) yields a relatively low ∆f score because there is low KL divergence between the two ancestors.
In general, ancestral sites with strong support for the same amino acid before and after the phylogenetic branch of interest will yield vanishingly small ∆f scores because the KL divergence is near zero and the model violation is small, while mutations between strongly-supported different amino acids will produce the highest ∆f scores.
Identification of Known Functional Loci
We next determined to what extent the ∆f metric yields high scores for amino acid mutations that are known to have functional effects. We used a training set of four historic episodes of functional evolution in three protein families with diverse evolutionary histories in animals and fungi. For all four episodes, previous molecular experimentation identified amino acid mutations that were sufficient to have shifted protein functions from their ancestral to their derived states. We downloaded the protein sequences from these studies, reconstructed their phylogenies and ancestral sequence distributions, and then used the ∆f metric to score all homologous sites between relevant ancestors (see Materials and Methods). Overall, we observed that the tails of these ∆f distributions were enriched with the known functional sites, to an extent that varied among each protein family.
First, we analyzed an episode of historic evolution in Mcm1, a family of MADS-box domain transcription regulators in fungi. Mcm1 binds DNA cooperatively with other proteins in order to control the expression of genes involved in many cellular functions, including mating and arginine metabolism [6] . In the lineage leading to budding yeast Saccharomyces cerevisiae, there occurred a tandem duplication of Mcm1 resulting in the new paralog Arg80 (Fig. 2a , Supp. Fig. 1 ). After this duplication, Arg80 acquired twenty-six amino acid mutations, ten of which strongly reduced its ability to cooperatively interact with the co-factor protein MatAlpha1 and which also reduced its affinity for binding DNA [7] . These mutations are sufficient to give Arg80 its specialized properties compared with the preduplicated gene. We reconstructed the ancestral protein sequences before and after the duplication, and then used the ∆f metric to score all homologous sites between the pre-duplicate ancestor (i.e. Anc.MADS) and the most--Page 6 -recent shared ancestor of post-duplicate Arg80 (i.e. Anc.Arg80). Compared to other mutations on this branch, the ten substitutions known to have shifted function were located in the tails of the ∆f distribution. Specifically, all ten changes received ∆f scores deviating from the mean by at least +/-0.6 standard deviations; eight of the changes deviated by +/-1.6 std. dev. (Fig. 3a) .
The highest-scoring mutation (glutamine to asparagine at site 42) is located on the protein surface that faces co-factor MatAlpha1 in the mating complex, and previous experiments showed that this mutation contributes to the inhibition of Arg80 to strongly bind MatAlpha1 [7] .
The second and third highest scoring mutations (lysine to arginine at site 27, and glutamic acid to proline at site 7) are located on the DNA-facing side of Arg80, and these mutations were previously shown to reduce Arg80's binding affinity for DNA [7] . Overall, the ∆f metric yielded relatively high scores for mutations with known effect in Mcm1, and it highly-scored mutations known to affect Arg80's DNA-binding and co-factor binding functions. These data suggest that ∆f is useful for computationally recapitulating historic genetic mechanisms in the Mcm1 protein family.
We next analyzed an episode of functional evolution in the family of glucocorticoid receptors (GR), a member of a larger protein family of steroid hormone receptors (Fig. 2b, Supp. 2). In chordate animals, GR binds a wide range of glucocorticoids with varying specificity in order to regulate many cellular functions, including immune response, development, and metabolism [8] . In the evolutionary lineage leading to tetrapod and teleost species, the GR ligand-binding domain acquired thirty-seven amino acid mutations, twelve of which played critical roles in shifting the ligand-binding preference from aldosterone to cortisol. Specifically, two of the thirty-seven substitutions were necessary and sufficient to confer this shift, and another ten mutations were responsible for stabilizing the new structural conformation [9] . We calculated ∆f scores for all mutations on this branch, by comparing the ancestor of all GRs (Anc.GR1) to the ancestor of tetrapod and teleost GRs (Anc.GR2). The twelve functional mutations received ∆f scores deviating from the mean by at least +/-0.6 standard deviations (Fig. 3b) . Notably, the two necessary and sufficient mutations (serine to proline at site 107, and leusine to glutamine at site 111) received the highest ∆f scores.
Finally, we analyzed two historic functional shifts that occurred in a family of proteins that assemble into a proton pump, the vacuolar (V-type) ATPase. In animals and Fungi, VATPase is an essential protein complex that acidifies many different intercellular organelles.
Located in the membrane-bound domain of V-ATPase, there exists a hexameric "rotor" assembled from two proteins named VMA16 and VMA3. In the evolutionary lineage leading to Fungi, VMA3 duplicated to create a third component named VMA11 (Fig. 2c, Supp. Fig. 3 ). On the phylogenetic branches following this duplication, VMA3 and VMA11 independently acquired twenty-one and twenty-four amino acid substitutions, respectively. Previous work showed that seven of the twenty-one VMA3 mutations, and ten of the twenty-four VMA11 mutations caused the two subunits to degenerate their functional interactions with VMA16 and with each other.
These mutations were complementary, and led to the dual retention of both VMA3 and VMA11 within fungal genomes [10] . We calculated ∆f scores for all mutations on the branch descending from the pre-duplication ancestor (Anc. [3] [4] [5] [6] [7] [8] [9] [10] [11] to the ancestor of all post-duplicate VMA3s (Anc.3), and also on the branch descending from Anc.3-11 to the ancestor of all VMA11s (Anc.11). On the branch leading to Anc.3, all seven known function-shifting mutations received ∆f scores at least +/-0.2 standard deviations from the mean. On the branch to Anc.11, the ten previously-identified mutations received ∆f scores at least +/-0.1 from the mean. Taken together, the ∆f distributions for the Mcm1 family, steroid-hormone receptors, and V-ATPase subunits suggest that this metric is useful for identifying function-shifting amino acid mutations.
Rates of Accuracy and Error
We next determined to what extent ∆f distributions accurately discriminated known functional mutations from those mutations with little or no consequence for function. Specifically, we measured and compared the rates of true positive identification versus false positives for the protein families in the training set (Fig. 4) . Overall, ranking sites according to their ∆f score resulted in the positive identification of all known function-shifting mutations in the training set with less than 9% false positive identification on the branch leading to Anc.3 in the V-ATPase family, less than 11% on the branch leading to Anc.GR2 in the steroid-hormone receptor family, and less than 13% on the branches to Anc.11 in V-ATPase and Anc.Arg80 in Mcm1 family. In other words, a ranking system based on ∆f scores produced one false hypothesis for eight true hypotheses in the worst case (on the branches leading to Anc.11 and Anc.Arg80). In the best case, ∆f-based rankings produced one false hypothesis for eleven true hypotheses (on the branch leading to Anc.Arg80).
Comparison to Other Ranking Methods
The ∆f -based ranking method was more accurate at predicting functional loci than a previously-published method, DIVERGE. This previous method was designed to identify socalled type-I and type-II functional loci [11] . Type-I loci are characterized by shifts in evolutionary rates, typically due to strong amino acid conservation in species with a function of interest and poor conservation in species without the function [12] . Type-II loci are characterized by shifts in biochemical amino acid properties, such as changes to hydrophobicity and polarity [13] . We used DIVERGE to identify type-I and type-II functional loci on the branch leading to Anc.Arg80 in the Mcm1 protein family. We then compared the type-I and type-II scores to their corresponding ∆f scores. We observed that type-I scores correlated poorly with ∆f scores (R=0.11), while type-II scores correlated well with ∆f scores (R = 0.81) (Supp. Fig. 5a ,b). We next compared the rates of true and false positive identification for type-I, type-II, and ∆f-based rankings. While the ∆f-based method identified 100% of the known true positives with only 13% false positive identification rate, DIVERGE achieved 100% true positive identification with 83% false positives for type-1, and 100% true positive rate with 62% false positives for type-II (Supp. Fig. 5c ). These results suggest that an approach to identifying functional loci based on information theory (i.e., the ∆f-based method) is superior to identification methods based on shifts in evolutionary rates (i.e., DIVERGE type-I), and methods based on ad-hoc biochemical categorization of amino acid properties (i.e., DIVERGE type-II).
Analysis of Branches Lacking Functional Evolution
When the ∆f metric was used to rank amino acid mutations on phylogenetic branches lacking any known changes to protein function, the method produced ∆f distributions that were relatively smaller than the distributions produced on branches with known functional evolution (Supp. Fig. 6 ). Although no functional changes are thought to have occurred on these branches, their ∆f distributions did contain a few high-scoring sites. This indicates either that ∆f is prone to small numbers of false-positive predictions on these branches, or that these branches correlate with some degree of cryptic functional evolution.
In the Mcm1 protein family, previous functional data suggests that no major changes occurred on the phylogenetic branch descending from Anc.Arg80 to the S. cerevisiae clade (Supp. Fig. 1 ). On this branch, thirteen sequence sites experienced amino acid substitutions, but only four of these changes received ∆f scores exceeding +/-1.0 standard deviations from the mean. In contrast, on the branch connecting Anc.MADS to Anc.Arg80 (i.e., a known function-changing branch), eleven of twenty-six mutations received ∆f scores exceeding 1.0 s.d. from the mean (Supp. Fig. 6a ).
In the steroid-hormone receptor family, ligand-binding specificities of present-day GRs suggest that ligand-binding specificity was essentially conserved on the branch descending from Anc.GR2 to mammalian glucocorticoid receptors (Supp. Fig. 2 ). Fourteen amino acid sites mutated on this branch, but only six of those sites received ∆f scores exceeding 1.0 s.d. from the mean (Supp. Fig. 6b ). In contrast, the branch connecting Anc.GR1 to Anc.GR2, on which protein function is known to have changed, contains 37 mutations of which 15 have ∆f scores exceeding 1.0 s.d. from the mean.
Finally, in the V-ATPase proteolipid subunit family, there is little evidence that VMA3 function changed on the branch leading from Anc.VMA3 to the ancestor of Ascomycete yeast (Supp. Fig. 3 ). Thirteen amino acid substitutions occurred on this branch, but only two sites received ∆f scores greater than two s.d. from the mean (Supp. Fig. 6c ). In contrast, the branch connecting Anc.3-11 to Anc.3 (on which a functional change occurred) contains seven mutations with ∆f scores exceeding 1.0 s.d. from the mean. Taken together, our analysis of ∆f scores on phylogenetic branches putatively lacking any functional evolution suggests that the ∆f metric could be useful in blind screens to find phylogenetic branches that are relatively enriched with functional changes. These data also suggest that some low degree of cryptic functional evolution may have occurred on those branches previously thought to lack functional change.
Discussion
Identifying historical amino acid substitutions responsible for the acquisition of presentday functions of proteins is a general problem in molecular biology. By taking advantage of the additional information present in computationally reconstructed ancestral amino acid probability distributions, we developed a new method, named ∆f, to score and rank amino acid protein sequence sites according to their signature of functional evolution. This approach correctly identified the known functional loci in a training set of three diverse protein families, while maintaining a low rate of false positive identification. Our results strongly suggest that the ∆f metric can be a useful tool for generating and prioritizing specific hypotheses about historic functional evolution in a wide variety of protein families.
One advantage of the ∆f-based ranking method is that it can discriminate between historic mutations that resulted in a gain of amino acid conservation versus a loss of conservation. By adjusting the sign of ∆f based on the direction of entropic shift between two ancestors, our approach provides experimentalists two useful indicators. First, the absolute magnitude of ∆f can be used to rank sites according to their historic function-shifting potential, while the sign (positive vs. negative) of ∆f indicates whether the change led to a gain of conservation (indicated by ∆f > 0) or loss of conservation (indicated by ∆f < 0). It is unknown in what proportion functional evolution is driven by gains versus losses of conservation, and we predict that experimentalists would be interested in testing candidate mutations at both tails of a ∆f distribution.
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The training set used in this study has limitations. Although the historic function-shifting episodes in the training set were each isolated to a single phylogenetic branch, it is unknown if other functional shifts also occurred on that same branch. It is possible that some of the highscoring mutations that seem to be false positives in our study may actually be true positives, responsible for shifting other, yet unknown, protein functions. Therefore, the rates of false positive identification reported in this study should be interpreted as upper bounds on the real false positive rates.
The ∆f-based method does not account for functional shifts caused by insertions or deletions (i.e., indels) of sequence sites. The ∆f metric cannot be applied at indel sites because there does not exist an amino acid probability distribution for the ancient ancestor (in the case of an insertion), or for the derived ancestor (in the case of a deletion). The frequencies and functional effects of indel events are difficult to predict, but recent work has proposed a promising phylogenetic Poisson-based model of indels [14] . One future direction would be to use this type of approach to compute model-based expectations for indel events, which could then be compared to empirical observations in order to identify indel events that deviate from expectations. In the meantime, our software implementation of the ∆f metric currently reports a list of indel events that occurred on the phylogenetic branch of interest. Experimentalists are encouraged to examine these indel events alongside their high-scoring ∆f-based predictions in order to consider a comprehensive set of mutation hypotheses. We note that the approach described here does not require that the specific consequence of the function-shifting amino acid substitutions be known ahead of time. The method simply identifies (through extreme ∆f values along a particular lineage) amino substitutions that have a high probability of changing the function of the encoded protein. We believe that a particular strength of the approach is that it allows the consequence of a functionshifting amino acid substitution to be experimentally tested. In lineages that contain a genetically tractable organism, the amino acid substitutions identified through extreme ∆f values can be -Page 11 -experimentally reverted to the ancestral state, and the effects can then be observed. In this way -particularly if something is known about the protein in which the historic changes occurredthe consequences of function-shifting mutations can be directly assessed.
The relationship between changes to genome sequence and changes to organismal function has been characterized in a relatively small number of species. It remains unknown to what extent our present-day understanding of mutational effect size, pleiotropy, and epistasis represent a general pattern for biology, or are unique peculiarities of model systems. Our hope is that the ∆f metric will facilitate rapid discovery of function-shifting genetic loci in a wide range of protein families in both model and non-model species. The ∆f metric can be combined with complementary approaches to identify functional loci that occurred over coalescent timescales [17] , and functional loci that are co-evolving within coding sequences [18] . Taken together, it now seems possible to use this larger class of computational tools to automatically predict functional loci in a wide range of genomic contexts, and ultimately to acquire a more comprehensive understanding of functional evolution across the tree of life.
Methods and Materials
Sequence Collection and Phylogenetic Analysis
Amino acid sequences for the three protein families studied in this paper (Mcm1, steroidhormone receptors, and V-ATPase subunits) were acquired from collections curated in their previously-published analyses ( [7] , [9] , [10] ). The sequences in each family were aligned using three different software methods: MUSCLE [19] , MSAProbs [20] , and PRANK [21] . For each alignment, twelve different likelihood-based evolutionary models were tested for their goodnessof-fit using the Akaike information Criterion [22] . The twelve models included all combinations of three options: the amino acid substitution matrix (JTT [23] , WAG [24] , or LG [25] ), the use of a multiple gamma-distributed evolutionary rates (yes/no), and the use of amino acid stationary frequencies that are either fixed or estimated. Statistical support for branches was computed as approximate likelihood ratios (aLRs), which express the likelihood (L1) of the branch divided by the likelihood (L2) of the next-best tree lacking that branch. aLR values were computed by using PhyML [26] , [27] to first compute the aLR test statistic (aLRT), and then coverting the aLRT to aLR as follows.
Ancestral Sequence Reconstruction
Ancestral amino acid probability distributions were reconstructed for all sequence sites at all internal phylogenetic nodes for the three protein families studied in this paper, using the software package Lazarus to control PAML [4] , [28] . For each protein family, thirty-six different reconstructions were performed, corresponding to all combinations of the three sequence alignments and the twelve evolutionary models described above. Insertion/deletion characters were added using Fitch's parsimony [29] , based on the following pre-defined "outgroup" sequences: the Y. lipolytica sequence for the Mcm1 family, AR and PR sequences for the steroid-hormone receptor family, and VMA16 sequences for the V-ATPase subunit family.
Identification and Ranking of Functional Amino Acid Substitutions
In order to identify and rank functional loci, homologous sequence sites were compared between reconstructed ancestors before and after each of the four functional shifts studied in this paper (Fig. 1 ). The comparison is described as follows for a reconstructed ancestral sequence x, and its descendant ancestral sequence y. Both sequences contain N amino acid sites. In both ancestors, every site, i, is represented as a probability distribution with twenty values, one for every possible amino acid. For example, the probability P(x i =a) is the probability that site i in ancestor x was amino acid a. At each site that is homologous between x and y, probability distributions were compared and scored according to the ∆f metric, which is the multiplicative product of three measures: Kullback-Leibler divergence (k), probabilistic model violatation (v), and entropic shift (d).
Kullback-Leibler Divergence
Kullback-Leibler (KL) divergence is a measure of the information gain in one discrete probability distribution, given another probability distribution [5] . The KL divergence between amino acid probability distributions was calculated as follows. For two distributions, x and y, at a single site i, the KL divergence between the distributions is expressed as the function , , which is computed as a sum for each amino acid, a, in the set, A, of all possible amino acids.
For each a, the partial KL sum is the product of the posterior probability that ancestor x was amino acid a at site i, times the log of the fraction of the probability that x was a at i, divided by the probability that y was a at site i.
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Probabilistic Model Violation
The extent to which the observed differences between two ancestors matched modelbased expectations was computed as follows. For two reconstructed ancestors, x and y, the extent of their observed model violation at a single site, i, was computed using the function v, 
Entropic Shift
In order to differentiate amino acid mutations that led to a gain of conservation versus those that led to loss of conservation, the shift in entropy between two amino acid probability distributions was calculated as follows. The entropy of an amino acid probability distribution, for an ancestor x at site i, is computed as a sum for each amino acid, a, equal to the probability of amino acid a existing at site i in x, times the log of the probability of a existing at i in x. The sign, d, is made equal to 1.0 if the derived ancestor, y, decreased in entropy. Conversely, d is set to minus 1 if the derived ancestor increased in entropy.
Bayesian Incorporation of Alignment and Phylogenetic Uncertainty
In order to reduce the effects of error and uncertainty in the underlying sequence alignments and phylogenetic trees, we averaged ∆f scores from ancestors inferred by the thirtysix unique combinations of sequence alignment methods and phylogenetic models for each protein family in our analysis (Supplemental Fig. 6 ). We weighted the ∆f scores from each alignment by the posterior probability of their maximum likelihood model, relative to other models from the same alignment. We then weighted the three alignment methods equally.
Visualization of Predicted Loci
The ∆f scores for each functional episode were plotted across ancestral sequence sites.
The scores for each episode were also plotted as a distribution by binning the mutations according to the ∆f score, and then counting the number of mutations in each bin.
Measuring Accuracy and Error
The rates of true positive identification and false positive identification were measured and compared for the ∆f distributions for each historic function shift in the training set. For each distribution, the ∆f scores were sorted in descending order by their absolute value. A set of putative mutations was then incrementally built, starting with the first ∆f score and proceeding in order. At each increment, the true positive rate was measured as the proportion of known functional mutations in the putative set, relative to the total number of known functional mutations. Similarly, the false positive rate was measured as the proportion of non-functional mutations in the putative set, relative to the total number of non-functional mutations. Sites with no change in their maximum likelihood amino acid between the pre-and post-shift ancestor were excluded from the analysis.
Comparison to DIVERGE
For the Mcm1 protein family, we compared the ∆f scores to the scored calculated by DIVERGE for type-I and type-II functional evolution. We used the default settings in DIVERGE, with the maximum likelihood Mcm1 phylogeny generated from the MSAProbs alignment algorithm. Tetrapod GRs (13) Teleost GRs (10) Elasmobranch GRs (6) MRs (13) ARs (39) PRs (12) Agnathan CRs (4) Anc.GR1
Anc.GR2
Animals VMA3 (22) Fungi VMA3 (25) Fungi VMA11 (27) Branch support values express approximate likelihood ratios between the shown phylogenetic branch and the next-best hypothesis lacking that branch. The star indicates the branch with the functional change studied in this paper. The diamond indicates a control branch also studied. Supplemental Figure 7 . Schematic of software pipeline to integrate alignment and phylogenetic uncertainty. See Methods and Materials for more description. The pipeline begins with amino acid sequences from a single protein family. The sequences are aligned three different multiple sequence alignment algorithms. A maximum likelihood phylogeny is then inferred for each alignment, using twelve different evolutionary models, to create twelve different phylogenies. On every phylogeny, ancestral sequences are reconstructed and then the ∆f method is used to compare the ancestors before and after the protein functional shift of interest. Finally, the ∆f scores from every phylogeny are averaged into a single set of ∆f scores. 
